Introduction
The development of statistical tools for the detection of associations between genetic variants and common diseases has been a major research focus in genetic epidemiology. Under the common disease common variant (CDCV) hypothesis, association methodology has continuously been developed and improved. However, even though genome-wide association studies based on CDCV have successfully identified a number of disease susceptibility variants (DSVs), these findings explain only a fraction of the expected heritability. Recent theoretical work and empirical data [1, 2] suggest that the common disease rare variant (CDRV) hypothesis is a plausible explanation for the so-called 'missing heritabilities' [3, 4] . The work of Bansal et al. [5] also suggests that the recent expansion of the human population may have resulted in a large number of rare DSVs, and therefore, rare-variant association analysis may play a key role in upcoming genetic association analyses.
CDRV assumes that the risk for a common disease is influenced by multiple rare variants with strong genetic effects, implying that only a few cases share the same causal variants. With the arrival of high-throughput sequencing data, rare variants are the focus of genetic association studies. However, because single variant analysis has insufficient power to address analysis questions posed by the CDRV hypothesis, various collapsing approaches [6] [7] [8] [9] [10] that aggregate the genetic information for rare variants in a specified region and test their associations with the phenotype of interest have been suggested. For instance, it is unclear how to score collapsed genotypes, i.e. by indicator variables or allele counts. The most efficient scoring algorithm depends on the unknown disease model, and if multiple rare variants independently affect the disease in an additive way, the latter would be an efficient analysis strategy. A recent investigation [8] has found that the latter may be a robust choice for various disease models. Additionally, weighting rare alleles can increase the statistical efficiency, and if we let p j be the minor allele frequency (MAF) for rare variant j , the most popular choice of weight has been [ p j (1 -p j )] -1/2 [7, 11] . This weighting scheme is efficient if the expected MAF differences in cases and controls are uniformly distributed. Other important issues include variations in effect sizes and their directions, and the MAF threshold choice for collapsing rare variants. In the presence of both protective and deleterious variants, the collapsed genotype scores between cases and controls are similar, and the drop in the statistical power of the collapsing approach is substantial. Some statistical methods, such as the Cochran-Mantel-Haenszel statistic [12] , C-alpha test [13] , and SKAT-O test [14] , have been proposed in order to reduce the sensitivity of the collapsing approach to the presence of rare DSVs with different effect sizes and directions. Moreover, the choice of the allele-frequency threshold for collapsing rare variants also influences the efficiency of association analyses [9] , and Price et al. [9] proposed to use a data-driven allele-frequency threshold that maximizes statistical efficiency.
However, despite all these methodological improvements, statistical challenges still remain for the analysis of whole genome sequencing data. For genome-wide nextgeneration sequencing studies, the number of markers surpasses 100,000,000, and investigations identifying efficient statistics are necessary to reduce the incidence of false-negative findings. In this report, we propose a new method for rare-variant association analysis. The proposed method consists of two independent statistics that are combined into an overall statistic. Our simulation studies showed that the proposed method was the most efficient in our simulation setting, and its application to real data illustrated the value of this approach in practice.
Methods
Let us assume that there are m rare variants in a genetic region that independently affect disease susceptibility. The variants can reside within a gene or a genomic region. Each variant has two alleles, denoted as A j and B j , where A j is the rare allele with a frequency p j at variant j in the population. The rare allele frequencies in cases and controls are denoted as p j a and p j u , respectively. We let x ij be the number of A j alleles in individual i at variant j , where i = 1, …, n , and x ij can be 0, 1, or 2. The variable y i indicates the disease status, i.e. 1 for cases and 0 for controls. The numbers of cases and controls are n a = ∑ i y i and n u = ∑ i (1 -y i ), respectively. If we assume that the weight for variant j is w j and w 1 2 + … + w m 2 = 1, the collapsed genotype score X i of individual i for all variants is ∑ j w j x ij . Furthermore, the collapsed genotype scores at variant j for cases and controls are D j = w j ∑ i x ij y i and d j = w j ∑ i x ij (1 -y i ), respectively, and thus, the total collapsed genotype scores in cases and controls, g a and g u , become
Two Statistically Independent Components for Rare-Variant Analysis The analysis of rare variants is often based on collapsed genotypes, but additional information for the statistical analysis can be provided by using the component orthogonal to collapsed genotypes. Collapsed genotypes for cases and controls are denoted by g a and g u , respectively, and the likelihood for the component orthogonal to collapsed genotypes is obtained by conditioning on g a and g u . Therefore, the likelihood describing the relationship between multiple rare alleles and the disease status can be decomposed into a product of two conditional likelihoods
Here, we will provide a statistic for each likelihood, and these two statistics will be combined into an overall statistic. The likelihood in the left part of the equation corresponds to the collapsed genotypes and that in the right part corresponds to the component orthogonal to collapsed genotypes, i.e. the rare allele configurations. For the derivation of our statistic, we assume that w j = 1. However, because our final inference is based on permutations, our statistical test will be valid with different choices of weights.
First, we focused on L ( g a , g u | g a + g u , n a , n u , m ) which is often used in collapsing methods. In particular, the distribution of g a + g u , which is not informative for genetic association, is conditioned to extract the nuisance parameter. The sum of binomial distributions with rare success probabilities has been shown to converge to the Poisson distribution under both independence and dependence of x ij [15, 16] , and thus, we can assume that ∑ i y i x ij approximately follows the Poisson distribution. We let λ a = p 78 Linkage disequilibrium between rare variants may not generate high correlations, and thus, this derivation seems reasonable. In the absence of association between any rare variants and affection status, λ a = λ u , and we have
If the numbers of cases and controls are the same, n a / n becomes 1/2. As a result, we could consider the following statistic based on
Our second test statistic is independent of p T 1 and can be ob-
If we assume that rare variants are independent, and w j = 1, the conditional probability of and this probability is denoted by
In particular, π a j for each rare variant is similar, and
for cases is asymptotically equal to the probability of the configuration of rare alleles as follows
It is important to note that the rare allele configuration across the genomic region has not been taken into account in previous collapsing approaches [6] [7] [8] [9] [10] , but p T 2 could still be informative in some situations. For instance, assuming that there is at least one DSV, the chance of observing one or more rare alleles at disease susceptibility loci is much higher than the chance at a null locus for multiplicative diseases, which would contribute to the nonrandom configuration of rare alleles. In the simulated data, we confirmed the informativity of p T 2 for the analysis of rare variants, and the configuration of rare alleles combined with genomic distance information has been also shown to be informative [17] . Therefore, we combined p T 1 and p T 2 into our overall statistic. In particular, if w j ≠ 1, it should be noted that D j in p T 2 is defined by
and permutations have to be applied for the statistical validity of p T 2 .
To construct an overall association test based on p T 1 and p T 2 , we calculate the sum of the weighted Z -statistics, as suggested by Liptak [18] . Liptak's method has been shown to be the most efficient if the noncentrality parameter for each p value under the alternative hypothesis is known [19] . If we let Z α be the α quantile of the standard normal distribution, our overall association test statistic T under the independence of p T 1 and p T 2 is obtained by
The noncentrality parameter divided by the standard deviation for each p value under the alternative hypothesis has been suggested as the most efficient choice for l 1 and l 2 [19] , but those are unknown for the proposed two statistics. With extensive simulation studies, we found that 2/ √ 5 and 1/ √ 5 are usually the most efficient choices for the simulated data, and therefore, this choice was used in our simulations and data analysis. In particular, linkage disequilibrium and the weighted genotype score could generate correlations between markers even though their effects are minimal. Therefore, the overall p value is calculated by a permutation test that randomly assigns disease status to subjects, while keeping their genotypes fixed.
Simulation Settings
For our simulations, haplotypes were simulated using the software cosi [20] , based on the coalescent model. In the coalescent model for cosi, we assumed that the mutation rate was 1.5 × 10 -8 , and 5,000 haplotypes with 50,000 base pairs were generated. Then, we randomly selected m variants for which the MAFs were <0.05. Pairs of haplotypes that were randomly chosen with replacement were used to derive individual genotypes in the region. We considered additive and dominant disease modes of inheritance, and the disease prevalence was assumed to be 0.15. Sampling was repeated until the given numbers of cases and controls were obtained. If we denoted the relative risk of the homozygous disease genotype at rare variant j by λ j , we sampled λ j from U (1.0, 1.5) for the statistical efficiency evaluation; otherwise, it was assumed to be 1. The relative risk of the heterozygous disease genotype for each variant was calculated under the additive and dominant disease modes of inheritance. Therefore, the penetrance for each individual was For comparison with the existing methods, the proposed method that was denoted by T was compared with the combined multivariate and collapsing (CMC) method [6] , the variable threshold approach (VTA) [9] , and rank-based Z -test (RBZ) [7] . For the CMC method, since genotypes are coded as 1 if rare alleles are observed and otherwise as 0, Pearson's χ 2 test is applied to summary contingency 79 frequency threshold choices for collapsing rare variants, the threshold that results in the minimum p value is chosen and the permutation-based p value is calculated. For the RBZ method, each individual is ranked with the rare allele counts, and the sum of ranks for cases is compared with that for controls. We also considered the logistic regression (LR) where the disease status is regressed on the weighted sum of genotypes [8] and variance component approaches, such as the C-alpha [13] and the SKAT-O tests [14] . The C-alpha method compares the magnitude of inflated variance between cases and controls, and the SKAT-O method combines C-alpha and LR with optimal weight. For all methods, each rare variant was weighted using
and permutation tests were used to ensure the statistical validity for simulations with small sample sizes.
Results

Evaluation Using Simulated Data
The empirical type 1 error estimates were calculated from 10,000 replicates at the 0.05 and 0.01 significance levels, and in each replicate, we assumed n = n a + n u and n a = n u . We assumed that there were 5 and 10 rare variants in a gene, and the p values were calculated with 1,000 permuted samples. Our results show that the proposed method preserves the nominal significance levels under the null hypothesis ( table 1 ) .
For statistical efficiency evaluation, we calculated the empirical power estimates based on 1,000 replicates for various sample sizes under the additive and dominant disease modes of inheritance. Table 2 shows the empirical power estimates of the two components of T , p T 1 and p T 2 . We randomly selected 20 and 30 rare variants whose MAFs were <0.05, and 50% of rare variants were assumed to have a deleterious effect on disease. Our results showed that p T 1 was more informative than p T 2 , and the performance of p T 1 was similar to that of LR. This result illustrates that our first component p T 1 seems to correspond to the collapsed genotypes, and p T 2 that corresponds to the rare allele configuration is still informative, even though the power improvement of T by p T 2 is not substantially large.
In figures 1 and 2 , we randomly selected 10, 20, and 30 variants whose MAFs were <0.05: 10 rare variants for panels a and b, 20 rare variants for panels c and d, and 30 rare variants for panels e and f. We assumed that 5 and 7 variants were deleterious in panels a and b, respectively, 10 and 14 in panels c and d, respectively, and 15 and 20 in panels e and f, respectively. We assumed that the disease modes of inheritance for each variant were additive in figure 1 and dominant in figure 2 . In figure 3 , we randomly selected 50, 70, and 90 variants whose MAFs were <0.05: 50 rare variants for panels a and b, 70 rare variants for panels c and d, and 90 rare variants for panels e and f. We assumed that 15 and 25 variants are deleterious in panels a and b, respectively, 25 and 35 in panels c and d, respectively, and 25 and 45 in panels e and f, respectively. The additive disease mode of inheritance was assumed for figure 3 . The remaining rare variants had no effect on the disease status in figures 1-3 . In figures 1 and 2 , the proportions of deleterious rare variants were approximately 50 and 70%. In figure 3 , the proportions of deleterious rare variants were approximately 30 and 50%. We generated 1,000 replicates, and the empirical powers were estimated as the proportions of replicates where the p values were less than the 0.05 nominal significance level. Our results showed that the proposed method always performed better than the other approaches, followed by LR. The CMC method was the least powerful in our simulation setting, but CMC is expected to be relatively efficient, particularly in a situation where rarer variants have stronger effects on the disease [21] . SKAT-O, an optimized statistic of a collapsing method and the C-alpha method [13] were expected to have performances similar to those of collapsing methods, such as LR. How- ever, the differences between LR and SKAT-O may be explained by the fact that LR and SKAT-O are based on Wald and Score test statistics, respectively. Similar results have been observed in the situation where the proportions of deleterious rare variants were 10% (result not shown). The empirical power improvement of the proposed method to the second-most efficient method, LR, ranged from 5 to 38%, and compared to the other approaches, the empirical power improvements ranged from 10 to 100%. In addition, the empirical powers for the dominant disease mode of inheritance were usually larger than those for the additive disease mode of inheritance. For the dominant model, the genetic effects of heterozygous and homozygous genotypes were assumed to be the same, and thus, the effect size of the heterozygous genotype became larger. Therefore, the rarity of the homozygous genotype may improve the power for dominant diseases. 1,500 1,000 500 2,000 n 1,500 1,000 500 Fig. 3 . Empirical power estimates under the additive disease mode of inheritance, when rare variants whose MAFs were <0.05 were collapsed. Empirical power estimates for the proposed method at the 0.05 significance level were calculated from 1,000 replicates. p values were obtained with 1,000 permuted samples. 50 ( a , b ), 70 ( c , d ) or 90 ( e , f ) rare variants were collapsed. n indicates the number of cases and controls, and the disease prevalence was assumed to be 0.15.
Next, we evaluated the sensitivity of the proposed method to different ranges of MAFs (online suppl. fig. 1 and 2, see www.karger.com/doi/10.1159/000357643). We randomly selected 5 or 10 rare variants whose MAFs were between 0.001 and 0.02. We assumed that 2 and 4 of them were deleterious in panels a and b, respectively, and 5 and 7 were deleterious in panels c and d, respectively. The remaining variants had no effect on the disease status. We calculated the empirical power estimates at the 0.05 significance level for the various sample sizes under the additive (online suppl. fig. 1 ) and dominant (online suppl. fig. 2 ) disease modes of inheritance. Our results showed that the proposed method still performs best in this scenario. The difference in performance between the proposed method and other methods was similar when rarer MAF thresholds were chosen and the dominant disease mode of inheritance was assumed.
Applications to Real Data
Cleft lip with or without cleft palate (CL/P) is one of the most common congenital malformations in the European population and can be part of a complex malformation syndrome or an isolated anomaly. The prevalence of cleft lip is 1/700 to 1/1,000, and nonsyndromic cases explain around 70% of all CL/P. Our resequencing study consisted of 192 cases with nonsyndromic CL/P and 192 controls in Germany and neighboring countries. Twentynine patients had two or more relatives with nonsyndromic CL/P in at least two consecutive generations, and all patients were examined by one of two medical geneticists to exclude any underlying syndrome. Controls were not screened for cleft status because a substantial drop in power would not be generated due to the very low prevalence of orofacial clefting in the general population [22] .
Evidence of genetic association for the candidate gene sequenced in this study came from a previous genomewide association study [23] . Three loci showed evidence suggesting an association at the genome-wide significance level, and among these loci, the region located at 8q24 near rs987525 (hereafter called RISKINT) was resequenced. The entire coding region and untranslated regions were sequenced using an Applied Biosystems 3130XL Genetic Analyzer.
In total, 13 SNPs were identified from sequencing, and the proposed method was applied to the rare variants. Among the 13 SNPs, the MAFs of 6 SNPs were <0.05, and the MAFs of 4 SNPs were <0.01. We conducted association analyses with these rare variants. There were 16 cases and 14 controls with missing genotypes, and their genotypes were assumed to be 0. p values were calculated with 5,000 permuted samples, and we considered 1 and
as weights. Table 3 shows the results for two choices of thresholds and weights, and the statistics with the minimal p value for each case are shown in bold. Although no significant results were observed considering the multiple testing issue, table 3 shows that the significant results, at the 0.05 significance level, were found by the proposed method and SKAT-O, and the smallest p value of RISKINT with nonsyndromic CL/P was obtained with the proposed method, when we used w j = 1 and the 0.01 allele-frequency threshold. SKAT-O also provided a significant association, when the 0.01 allele-frequency threshold and
as the weight were used; however, it is less significant than with the proposed method using w j = 1. RISKINT has been reported to be highly associated with nonsyndromic CL/P from genome-wide association studies. Therefore, we can conclude that this result illustrates the practical advantage of the proposed method. 
Discussion
In this report, we proposed a new approach for rarevariant association analysis that utilizes additional information about the association and is, consequently, more powerful than other existing methods. The proposed method consists of two informative components. The first component uses collapsed genotypes, and the second is based on the configuration of rare alleles. While existing methods have focused only on the former, the latter has not been generally considered, and in this study, we showed that this second component can be informative. We showed that combining the two components into an overall statistic led to an improvement in the statistical power compared to general collapsing approaches. However, even though our results from simulated data showed that Z-scores weighted by 2/ √ 5 and 1/ √ 5 were usually efficient, there is no uniformly most powerful method to combine two independent statistics, and further investigations are necessary to provide appropriate robustness for various disease models.
Furthermore, there are some additional limitations to the proposed method. First, the effects of each rare variant on disease status are usually unknown, and when the protective and deleterious rare variants are collapsed, the power drop for the proposed method could be substantial. Some modifications can be made to the proposed method to take this into consideration. For instance, as was suggested by Han and Pan [24] , if the estimated regression coefficients for some rare variants are negative and the p values are <0.1, their major alleles, instead of rare alleles, could be used to collapse genotypes, and the association of the collapsed genotype scores with the trait can be inferred using a permutation test. Alternatively, using some cases and controls, we could estimate the expected difference and direction of each rare variant, and the selected model could be applied to the remaining cases/controls. Second, our statistic cannot be utilized if the phenotype of interest is continuous or if some covariants affect the phenotype. Thus, an extension is necessary in such a scenario. For example, p T 1 based on the binomial distribution can be replaced by a logistic model, and for testing the configuration of rare alleles, i.e. p T 2 , the likelihood ratio test can be used. Third, we found that the permuted p values from 1,000 iterations for a gene containing 30 rare variants took 6.3 s with our R program on an Intel(R) Xeon(R) CPU E7-4850 @ 2.00GHz, which indicates that genome-wide analysis is computationally intensive. However other methods, such as SKAT-O, do not require permutation, and the proposed method is computationally less efficient. Fourth, our second statistic can be uninformative in certain situations. For instance, if the effect of each rare variant on disease is similar, rare alleles in cases may be randomly aligned. However, this scenario may not be common, and therefore, it is worthwhile to use the second component.
In summary, we showed that the proposed two-component method is efficient for identifying rare variants. The application of this method to real data illustrated its practical value, providing interesting findings, and the R code for the proposed method can be downloaded from http://cau.ac.kr/ ∼ swon/software/software.php.
